Although the unweighted pair-group method using arithmetic averages (UPGMA) and neighbor-joining (NJ) algorithms are designed to produce single trees, they may derive more than one topology from a single matrix, depending on the order of data entry. This "chaotic" behavior is due to ties, the effects of which are rarely considered. Therefore we present examples of ties and show that multiple UPGMA and NJ trees cannot be neglected with molecular data based on allozyme distances or "binary" distances derived from random amplified polymorphic DNA, restriction fragments, DNA fingerprints, or general protein patterns. We also compare the performance of 15 computer packages with respect to ties. Five programs recognize the problem (PHYLIP MVSP SAS, SYN-TAX, and NTSYS) but deal with it in different ways. We further point out that if ties are not properly taken into account, they might affect bootstrap and jackknife confidence estimates. Finally, we observed that NTSYS, PHYLIP MVSP and MVSP87 have different efficiencies in finding ties, and that some programs, including MEGA, may produce single alternative UPGMA topologies, probably due to their different rounding precisions or tie tolerances.
Introduction
The unweighted pair-group method using arithmetic averages (UPGMA) (e.g., Sneath and Sokal 1973) and neighbor-joining (NJ) (Saitou and Nei 1987) are popular tree-building methods for distance matrices. Although both techniques are designed to produce single trees (e.g., Nei 1987; Saitou and Nei 1987) , they can sometimes derive more than one topology from the same data. This "chaotic" behavior depends on the order in which data are entered (Bayer 1985; Kovach 1993) . Input order effects may occur when in some steps of the clustering process, the smallest distances (or highest similarities)
are associated with more than one pair of operational taxonomic units (OTUs) (Bayer 1985) . Such data are said to be tied (Sneath and Sokal 1973; Podani 1994) .
The effect of ties is illustrated by the trees in figure 1, which were constructed by manual UPGMA clustering according to Nei (1987) . This shows that fusing taxa S and F into OTU Y creates a tie, as taxon H becomes simultaneously connected to L and Y by a shortest distance of 0.010. Depending on which OTUs are fused next, two different trees are generated. In larger data sets, ties can occur in any cycle of the clustering process, so that many trees may be implied. For example, Aotsuka et al. (1994) calculated mean numbers of nucleotide substitutions per site among 18 Drosophila imm&-am mtDNA RFLP haplotypes and produced a sin-gle tree by UPGMA; we have found, however, that due to ties UPGMA can produce more than 200 trees from this data matrix (using the program NTSYS).
Although ties can affect tree topologies, they are often ignored. Most computer programs simply select one tie per clustering cycle (in a manner dependent on the order of data input), thus producing a single tree (Pankhurst 1991) .
We have detected ties in several other published data sets, which presented single UPGMA trees. Chapco, Kelln, and McFadyen (1992) , for example, concluded from their tree (table 1; fig. 2A ), that there are two major groups of MeZanopZus sanguinipes (grasshoppers) mtDNA RFLP haplotypes ([3-71 and [ 1, 10, 20, 8, 2, 111) and that haplotype 9 is well separated from the rest. Yet, the tied alternative tree ( fig. 2B ) shows a quite different picture both with respect to the composition of the main clusters, as to the position of haplotype 9. Some other examples of data sets containing ties are Caswell-Chen, Williamson, and Wu (1992) (random amplified polymorphic DNA data-RAPDs), Terachi and Tsunewaki (1992) (RFLPs), and Hilu (1994) (RAPDs). Ties can also occur, though more rarely, with the NJ algorithm (Sourdis and Nei 1988; Felsenstein 1993; Kim, Rohlf, and Sokal 1993; Rohlf 1993) . For example, in the bear mtDNA cytochrome b sequence divergence data of table 2 (Randi et al. 1994) , ties occurred with the NJ method, but not with UPGMA ( fig. 3 ).
Performance of Some Computer Programs
The following 15 computer packages were compared with respect to their ability to deal with tied UPGMA or NJ trees: SPSS/PC+ 2.0 (Statistical Pack- Only five of these programs (NTSYS, PHYLIP's NEIGHBOR, MVSP SAS, and SYN-TAX) can cope with ties in UPGMA trees, while NTSYS and PHYLIP's NEIGHBOR also allow for tied NJ trees. Yet, how ties are detected and treated differs among programs.
SAS, PHYLIP's NEIGHBOR, and MVSP can repeat an analysis with randomized data entries. It is, however, unclear how many repetitions are needed to obtain a reliable estimate of tie effects. According to Kovach (1993) two to three reruns would suffice, while Felsenstein (1991 Felsenstein ( -1993 recommends at least 10 repetitions. Yet, this is sometimes still not enough, for the efficiency with which randomizing input orders uncovers tied trees varies between data sets and programs. For example, MVSP found the two trees of figure 1 hand, we noted that tied trees do not have equal probabilities of being uncovered by randomizing data entries ("Jumble" option), e.g., out of 100 randomized runs of the data of Randi et al. (1994) (table 2) , 81 yielded the tree in figure 3A and only 19 yielded the tree in figure  3B . Hence, randomizing data input orders seems not an optimal strategy to cope with ties, the more so as it gives no information about the number of tied trees implied by the data (SAS reports for each clustering level the presence, but not the number, of ties).
The SYN-TAX software can deal with ties either by producing "single link" resolutions in which tied data form unresolved and sometimes disconnected polychotomies, or by generating "suboptimal" trees in which ties are skipped so that clustering proceeds with the next smallest untied distance. This may yield trees with inward-directed branches (Podani 1994). However, these "tie-solutions" provide no estimate of the number of ties, do not allow individual examination of tied trees, and are sometimes difficult to interpret. NTSYS, finally, either warns for ties or generates all tied trees. The program also allows changing its tie tolerance (TT). This is the amount by which two distances may differ, without being treated as different (default is lo-lo). Hence, changing the TT has operationally a similar effect as using different precisions of rounding, for both increase the likelihood of ties.
Differences in TT or rounding precision may explain why some programs produce different UPGMA trees, even for the same order of data entry. The topology of the UPGMA tree of Wingfield et al. (1994) (table  3) , for example, depends on whether it is produced by MEGA ( fig. 4B ) or by NTSYS, MVSP UPGMA, SPSS, or PHYLIP's NEIGHBOR ( fig. 4A ). Yet, with TT = 0.005, NTSYS not only generated both trees in figure  4 , but also six additional tied trees. Other examples (out of many) for which the supposed different rounding precision or TT of MEGA produced alternative UPGMA trees, are Tam and Chu (1993) (allozymes) and Haig, Rhymer, and Heckel (1994) (RAPDs) .
Obviously, such TT and rounding discrepancies are not restricted to MEGA. SAS, MEGA, and NTSYS, for (table 3) . A, tree produced by NTSYS; B, MEGA tree (= tree of Wingfield et al. [1994] example, each produced a single different UPGMA tree (leading to different conclusions) for the, according to NTSYS, untied multilocus DNA fingerprint data of Plotner, Becker, and Plotner (1994) . Differences in the performance of UPGMA algorithms can thus lead to opposite conclusions unless trees are properly evaluated and tested.
Discussion
Ties and TT or rounding problems are not uncommon and should not a priori be dismissed for their potential, yet unpredictable, effects warrant some caution. Rohlf et al. (1990) detected ties in 14% of their data sets. Hart (1983) on the other hand, found ties in only three out of 34 morphometric and electrophoretic distance matrices (<9%) but detected ties in most binary data sets (8/l 1, i.e., >70%). This is not unexpected because coefficients based on binary data usually assume more discrete and fewer values than "continuous" distances (e.g., Hart 1983; Bayer 1985; Rohlf 1993) . Also molecular studies involving binary or band counting data (e.g., RAPDs, RFLPs, DNA fingerprints, and general protein profiles) seem to be prone to ties. Conversely, ties are probably rare in "continuous" molecular distances (e.g., those derived from DNA or protein sequence comparisons, DNA-DNA hybridization, immunology, . . .), unless these are based on too few characters (as is often the case with allozyme data).
A possibly serious caveat is that ties are expected to affect tree stability testing via resampling techniques such as bootstrapping over characters (e.g., Felsenstein 1985) or jackknifing over OTUs (e.g., Lanyon 1985; Lapointe, Kirsch, and Bleiweiss 1994) . For example, if bootstrapping ignores ties by using the same data input order for all resamples, then we suspect that groupings which depend on the input order of the data might get an artificially high support. Among the programs compared, only PHYLIP's NEIGHBOR is capable of dealing with this problem, for it allows randomizing data entries during bootstrapping ("Jumble" option). In this way, data entry-dependent groups are expected to show weak support. Yet, we are undecided about the bias that this approach might introduce due to (1) the unequal probabilities with which tied trees may be uncovered (see above), and (2) the a priori dismissal of all but one tree per replicate.
On the other hand, the fact that software may perform differently when the same data are analyzed under the same conditions (e.g., Blashfield 1977) emphasizes the inadequacy of producing single trees without appropriate tree reliability testing. Yet, most UPGMA trees are published without confidence estimates and such studies may therefore arrive at different conclusions depending on the software used (see the example of Plotner, Becker, and Plotner [ 19941) .
In summary, ties and their implications for tree reliability testing, as well as the differences in software performance, are often neglected problems when UPGMA or NJ trees are derived from "binary" molecular distances (RAPDs, RFLPs, . . .) or allozyme data. However, other molecular distances are not necessarily free of these problems either. Hence, UPGMA and NJ trees should always be shown with some general evaluation and confidence estimation, even if we are undetided about the influence ties may have on tree stability testing itself.
